Quantum computing promises an unprecedented ability to solve intractable problems by harnessing quantum mechanical effects such as tunneling, superposition, and entanglement. The Quantum Artificial Intelligence Laboratory (QuAIL) at NASA Ames Research Center is the space agency's primary facility for conducting research and development in quantum information sciences. QuAIL conducts fundamental research in quantum physics but also explores how best to exploit and apply this disruptive technology to enable NASA missions in aeronautics, Earth and space sciences, and space exploration. At the same time, machine learning has become a major focus in computer science and captured the imagination of the public as a panacea to myriad big data problems. In this talk, we will discuss how classical machine learning can take advantage of quantum computing to significantly improve its effectiveness. Although we illustrate this concept on a quantum annealer, other quantum platforms could be used as well. If explored fully and implemented efficiently, quantum machine learning could greatly accelerate a wide range of tasks leading to new technologies and discoveries that will significantly change the way we solve real-world problems.
value of the gap at the transition. If ∆Emin ≫ T , δs is the range of s over which ∆E changes by an amount ∆Emin, whereas if ∆Emin ≪ T , δs is the range of s over which ∆E changes by an amount equal to T . Hence , (∆Emin ≪ T ).
(6) Figure 2 shows the finite-size rounding for an instance with N = 64, small enough that we can equilibrate through the (first order) transition. For β < ∼ 1024 the width of the transition region increases as β ≡ 1/T decreases, but for β > ∼ 1024 the width is independent of β. For this instance we find ∆Emin = 0.0021 as shown in the inset, so the width of the rounding becomes independent of T when T ≪ ∆E as expected.
In Fig. 3 we plot the fraction of instances with a first order transition. For each size we have studied Ninst = 50 instances. If we denote the first-order fraction by r then the error bar in r is r(1 − r)/(Ninst − 1). The figure shows that r increases rapidly with N and, very plausibly, tends to 1 for N → ∞. We see that the first order fraction is slightly greater than a half for N = 128. In our earlier work [5] we found that the median complexity continued to be polynomial up to N = 128 (the largest size studied). However, there is no contrast with the present work because, as already noted in Ref. [8] , the models used are slightly different, and as a result the crossover to a first order transition occurs at a slightly lower value of N in the present model. The crossover to first order would have been seen in the earlier model if somewhat 5), as a function of s for an instance with N = 64 which has a first order transition. The different curves are for different values of β. The inset shows the energy gap ∆E as a function of s for β = 2048, indicating that ∆Emin = 0.0021 (same value was found for β = 1024 and 4096). From the main figure one sees that the width of the finite-size rounding increases with T ≡ 1/β for T ≫ ∆E but is independent of T in the opposite limit T ≪ ∆E, as expected from Eq. (6). Note the expanded horizontal scale. Phys. Rev. Lett. 104, 020502 (2010) (Kirkpatrick et al., 1983) • Algorithm: Start with high temperature; then, gradually reduce intensity of thermal fluctuations to obtain optimal configuration • Transitions between states via jumping over barriers due to thermal fluctuations Quantum Annealing (Finnila et al., 1994 , Kadawaki & Nishimori, 1998 , Farhi et.al., 2001 Final state a bit string encoding the solution with probability Current research investigation: How best to set the magnitude of these "strong" couplings to maximize probability of success
APPLICATION PROBLEMS
α ijk y ij z k + β ijk (3y ij − 2z i y ij − 2z j y ij + z i z j ) P ij Q ij z i z j ! P i h i s i + P i,
Embed a triangle onto a bipartite graph
Strong, but not too strong, ferromagnetic coupling between physical qubits x 1a and x 1b encourages them to take the same value, thus acting as a single logical qubit x 1 Embedding a realistic problem instance: Physical qubits on each colored path represent one logical qubit
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13
Graph Isomorphism Complex Planning and Scheduling
• General Planning Problems (e.g., navigation, scheduling, asset allocation) can be solved on a quantum annealer
• Developed a quantum solver for Job Shop Scheduling that pre-characterizes instance ensembles to design optimal embedding and run strategy -tested at small scale (6x6) but potentially could solve intractable problems (15x15) with 10x more qubits
• Analyzed simple graphs of Electrical Power Networks to find the most probable cause of multiple faults -easy and scalable QUBO mapping, but good parameter setting (e.g., gauge selection) key to finding optimal solutionnow exploring digital circuit Fault Diagnostics and V&V
• Subgraph Matching Problems are common in applications of interest to the intelligence community -similarly, finding Longest Matching Sequences important in genomics and bioinformatics • Developed technique to determine and correct residual persistent biases in the programmable parameters of quantum annealers (h and J) -correction significantly improves performance and reliability (reduction in variability)
Graph-based Fault Detection
• First realistic noise analyses show how lowfrequency noise dramatically affects the performance of quantum annealers -results being used to design hardware improvements
• Limited hardware connectivity makes embedding challenging -good runtime parameters determined by considering the nature and dynamics of chains -quick scans can be used to predict performance of extensive scans
• Small instances of hard problems at phase transitions in combinatorial optimization are intractable -they can be designed by looking at solvability phase transitions
• Predict tractability of application problems by studying the scaling of energy gaps and density of bottlenecks in spin glass phase
Calibration of Quantum Annealers
Number of qubits Number of qubits h biases (before) correction h biases after correction
Effect of Noise on Quantum Annealing
Optimal Embedding & Parameter Setting Quantum annealing capabilities 1) As a discrete optimization solver:
2) As a physical device to sample from Boltzmann-like distributions:
QUBO: Quadratic Unconstrained Binary Optimization (Ising model in physics jargon).
Computationally bottleneck Our work: Benedetti et al. PRA 94, 022308 (2016)
• Algorithm uses the same samples that will be used for the estimation of the gradient
• We provide a robust algorithm to estimate the effective temperature of problem instances in quantum annealers.
NP-hard problem
J ij s i s j
Given {h j , J ij }, find {s k = ± 1} that minimizes 
Computationally bottleneck
Widely used in unsupervised learning Visible units, v • Understanding and harnessing the fundamental power of quantum computing is a formidable challenge that requires:
-New insights in physics and mathematics -Innovations in computer and computational science -Breakthroughs in engineering design to produce robust, reliable, scalable technologies
• NASA QuAIL team has successfully demonstrated that discrete optimization problems can be run on quantum annealers -Effectively using such systems needs judicious mapping, embedding, execution strategies
• Exciting decade in quantum computing ahead of us -Compilation and performance capabilities of today's annealers are improving rapidly -New and better quantum algorithms, particularly quantum heuristics, are emerging -Small-scale universal quantum computers are becoming available 
